Purpose: It is challenging to reproducibly measure and compare cancer lesions on numerous follow-up studies; the process is time-consuming and error-prone. In this paper, we show a method to automatically and reproducibly identify and segment abnormal lymph nodes in serial computed tomography (CT) exams. Methods: Our method leverages initial identification of enlarged (abnormal) lymph nodes in the baseline scan. We then identify an approximate region for the node in the follow-up scans using nonrigid image registration. The baseline scan is also used to locate regions of normal, non-nodal tissue surrounding the lymph node and to map them onto the follow-up scans, in order to reduce the search space to locate the lymph node on the follow-up scans. Adaptive region-growing and clustering algorithms are then used to obtain the final contours for segmentation. We applied our method to 24 distinct enlarged lymph nodes at multiple time points from 14 patients. The scan at the earlier time point was used as the baseline scan to be used in evaluating the follow-up scan, resulting in 70 total test cases (e.g., a series of scans obtained at 4 time points results in 3 test cases). For each of the 70 cases, a "reference standard" was obtained by manual segmentation by a radiologist. Assessment according to response evaluation criteria in solid tumors (RECIST) using our method agreed with RECIST assessments made using the reference standard segmentations in all test cases, and by calculating node overlap ratio and Hausdorff distance between the computer and radiologist-generated contours. Results: Compared to the reference standard, our method made the correct RECIST assessment for all 70 cases. The average overlap ratio was 80.7 6 9.7% s.d., and the average Hausdorff distance was 3.2 6 1.8 mm s.d. The concordance correlation between automated and manual segmentations was 0.978 (95% confidence interval 0.962, 0.984). The 100% agreement in our sample between our method and the standard with regard to RECIST classification suggests that the true disagreement rate is no more than 6%. Conclusions: Our automated lymph node segmentation method achieves excellent overall segmentation performance and provides equivalent RECIST assessment. It potentially will be useful to streamline and improve cancer lesion measurement and tracking and to improve assessment of cancer treatment response.
I. INTRODUCTION
Lymphoma is the fifth most common cancer in the United States and accounts for about 8% of all cancer cases. Over the last 35 years, the annual incidence of lymphoma has nearly doubled. The American Cancer Society estimates that 74030 new cases of lymphoma will occur in 2010.
1 Lymphomas often manifest as enlarged lymph nodes and can spread throughout the lymphatic system to nearly anywhere in the body. Computed tomography (CT) has been predominately used for detection, diagnosis, and staging. Precise evaluation of the temporal variation of lymph nodes on serial CT examinations is critical as tumor regression or progression with therapy is judged upon such changes in current clinical practice. Current practice consists of manual follow-up and measurement of the lymph nodes, which is time-consuming and imprecise.
Our goal is to develop a method to automatically identify and segment abnormal lymph nodes on serial imaging studies. Several approaches have appeared in the recent literature on tracking, segmenting, and analyzing several types of abnormalities in medical-images. Many deal with lung nodules [e.g., (Refs. 2-6)], liver lesions [e.g., (Refs. 7-9)], and breast masses [e.g., (Refs. [10] [11] [12] ]. To our knowledge, there is one main study that focused on tracking and segmentation of lymph nodes. 13, 14 In Ref. 13 , Yan et al. utilized an automatic marker-controlled watershed approach to segment a selected lymph node. This approach requires the definition of internal and external markers. The selection of markers was shown to be important in the performance of the segmentation task. In Ref. 14, scans at two consecutive time points are used. The internal and external markers are then determined from the deformed contour from baseline scan, according to the registration of the baseline and the followup scans.
A challenge to automatically segmenting lymph nodes on serial images is that they are often surrounded by soft tissues that are hard to distinguish based on intensity value alone; thus, it can be difficult to reliably differentiate them from other anatomic structures. In Ref. 13 , for example, it is discussed that errors will be introduced in the detection of the lymph node boundary in cases where very high (or low) intensity structures (i.e., bones, soft tissues) are included in the region between the internal and external marker.
Our approach, similar to Ref. 14, extracts information from radiologist-circumscribed baseline images to provide information about the location of lymph nodes in the follow-up images. To address the surrounding soft tissue challenge, we leverage a sufficient amount of structure-level information from the baseline scan to enable an informed restriction on the search region for the target lymph node in the new scan. Regions containing tissue surrounding the lymph node are extracted in the baseline scan and mapped onto the follow-up scan. Thus, we restrict the search region for the target lymph node, and improve the automatic segmentation results.
Section II explains in detail each of the steps in our algorithm. Section III presents the database and algorithm validation method. Section IV reports our experimental results. Finally, Sec. V summarizes and draws conclusions.
II. METHOD
Annotation of abnormal lymph nodes is the current practice by radiologists in cancer imaging studies. In the proposed methodology, enlarged lymph nodes are first identified and circumscribed by a radiologist in a single cross sectional slice in the baseline CT scan. We then apply our algorithm to automatically locate the abnormal lymph nodes in each follow-up scan. This is done by (1) identifying tissues surrounding the enlarged lymph nodes in the baseline scan; (2) registering the baseline scan, in which the enlarged lymph nodes are circumscribed, to the images in each follow-up scan, and (3) constraining the search region in the follow-up scan based on the locations of surrounding tissues in the prior CT study and segmenting the corresponding lymph nodes. We use the registration to project the radiologist-identified contour and the surrounding tissues on the baseline scan to the follow-up scan. While the projected contour may not be accurate, mainly due to the lymph node changes across the scans, it does provide us with good initial seed points. In contrast to the lymph node, we do not expect the surrounding tissues to change significantly across scans. Thus, the projected surrounding tissues are used to limit the segmentation of the lymph node on the follow-up scan. Figure 1 shows a blockdiagram of our proposed algorithm.
II.A. Identification of surrounding tissue in the baseline scan
We assume that the tissues in the vicinity of the enlarged lymph nodes such as muscle and blood vessels do not vary substantially between each consecutive pair of studies in a series of CT studies; this is realistic, given the proximity of scans in time during temporal studies in cancer (generally separated in time by weeks).
On the baseline CT image containing a target lymph node, we apply a clustering technique based on mean shift 15 to group pixels into homogeneous regions, and provide a segmentation of the entire image. Mean shift is a robust unsupervised clustering method, which does not require prior knowledge of the number of clusters. It classifies the pixels into a few clusters according to the discontinuity of the intensity distribution. It locates local density maxima, and then, each pixel is replaced by the local maxima. From this procedure, many homogeneous clusters can be produced. In practice, the mean shift algorithm takes in the following parameters: the spatial bandwidth (h s ), the range bandwidth (h r ), and the size in pixels of the smallest allowed region. The spatial bandwidth defines a spatial search window, and the range bandwidth controls the gray-level intensity resolution. Based on empirical studies we have selected the following set of parameters, h s ¼ 6 and h r ¼ 4. To prevent over-segmentation, we set the smallest allowed output region to 10 pixels. Sensitivity to these choices will be discussed in the Results section.
Once the image has been segmented, we wish to extract a set of regions that surround the lymph node. These regions are characterized by the fact that they are spatially close to the lymph node and have similar intensity as the lymph node. We defined the following two criteria for identifying such regions: (1) the absolute difference between I mean and the mean pixel intensity of the region is less than wÁI std , where w ¼ 2 is an intensity weighting factor, I mean and I std are the mean intensity and the standard deviation, respectively, of the pixels included in the lymph node in the baseline image; (2) the region contains a pixel that is less than d pixels away from the lymph node in the baseline images, where d ¼ 10 is the minimum distance. The parameters d and w were chosen empirically. Sensitivity to these choices will be discussed in the Results section. Figure 2 shows an example of (a) a baseline scan, (b) the segmented regions after mean-shift clustering, and (c) the regions satisfying the above two criteria. The identified regions in Fig. 2 (c) would be the most difficult to distinguish without human interaction.
II.B. Alignment and registration
We adopted a two-step approach to automatically match the baseline and the follow-up images: a rigid registration in 3D to select three candidate slices, followed by a 2D nonrigid registration of the baseline slice with each of the three candidate slices. The image volumes of the baseline and follow-up scans were first registered using a affine registration, maximizing the normalized mutual information (NMI). For this we used the Image Registration Toolkit (IRTK) (Ref. 16 ). Various parameters, required for IRTK, were set as follows: A hierarchical coarse-to-fine approach was used with control point spacings of 12, 6, 3, and 1.5 mm. At each stage, the output transformation of the previous step was used as a starting point. The stopping condition for the optimization was either no further improvement in NMI or the reaching of a maximum number of six iterations at each level. A third stopping criterion was based on the maximum amount of displacement across all control points in the most recent iteration. This was set to 1=10th of the control point spacing and was used to stop the optimization when iterations made only small updates to the transformation. Following the 3D volume registration, we go back to the slice of interest in the baseline scan and extract the three closest slices in the follow-up volume.
The next step is to apply the nonrigid image registration algorithm to the baseline scan and each of the three candidate follow-up scans. The registration finds the optimized geometric transformation T that aligns the baseline image (I) and follow-up image (J) under a similarity measure. We used residual complexity (RC) proposed by Myronenko as the similarity measure. 17 This measure favors a registration with minimum compression complexity of the difference (residual) image between the two registered images; empirical tests show that RC outperforms other similarity measures, including sum-of-squared-differences (SSD), mutual information (MI), correlation ratio (CR), and correlate coefficients (CC) (Ref. 17) . The transformation T is modeled using free form deformation (FFD) transformation with three hierarchical levels of B-spline control points 16 and can be obtained by minimizing the objective function E using the gradient descent optimization method:
where dctn(.) and idctn(.) are the forward and inverse multidimensional discrete cosine transforms, rJ is the intensity image gradient and h represents the transformation parameters. In our implementation, we used the default set of parameters as in Ref. 17 .
In the final step, we measured the mean square error (MSE) between each of the registered candidate slices and the baseline scan. We select the slice of minimum MSE as the corresponding slice in the follow-up scan.
II.C. Segmentation of lymph node in the follow-up scan
Lymph nodes usually are so close to organs and muscle that no clear border can be drawn without anatomic knowledge. The slice selection step as well as the nonrigid alignment between the original scan and follow-up scan, enables us to project regions extracted in the original scan to the previously unseen scan. We focus on projecting regions that originate from anatomical structures and healthy tissue surrounding the abnormal lymph node tissue, the surrounding tissue extracted in Sec. II A. This step in the algorithm helps to disambiguate abnormal lymph nodes from normal anatomic structures. Following the nonrigid registration step, the regions that are identified in the prior CT scan (Sec. II A) are superimposed on the images in the follow-up scan. We then compute a binary mask M r , in which the voxels with the value of 0 represent the voxels that belong to tissue surrounding the lymph node, and the voxels with value of 1 correspond to the voxels that do not.
We further restrict the spatial search for abnormal lymph nodes by using the pixel intensity distribution of the lymph node in the baseline CT images. Based on the fact that the intensities of a lymph node on the baseline and follow-up scans should not differ substantially, we constructed another binary mask M p , where the voxels with the value of 1 represent the voxels whose intensities fall into the range from (I mean À wÁI std ) to (I mean þ wÁI std ), whereas the voxels with value of 0 correspond to the voxels whose intensities are beyond the range and w ¼ 2 is an intensity weighting factor. Then, we combine the two masks to one mask: M ¼ Mr^M p , which reduces the search region to the voxels having the value of 1 in M. Figure 3 shows an example of (a) a baseline scan; followup scan (b) before and (c) after registration; (d) the tissue mask M r ; (e) the intensity mask M p ; (f) the final restricted search space extracted based on a combination of the two masks.
Let O represent the set of lymph node pixels on the baseline scan. After registration, O is deformed to O 0 on the follow-up scan. We next compute a new set of pixels S using an n-fold erosion:
where É is a binary morphological erosion and B is a diskshaped structuring element with a radius of 3 pixels. The scaling term n is selected so that nB is the largest that makes S contains at least 5 pixels. Then, we apply a region-growing algorithm 18 with the seed pixels in set S. We define a similarity threshold t, for which only pixels whose intensity values fall into the range from (I mean À t) to (I mean þ t) will be considered, where I mean is the mean pixel intensity values of the growing region at each iteration. This similarity threshold is adaptively chosen after the following morphological operations. Let S 1 be the resulting set of pixels from the region-growing, and S 2 be the convex hull of S 1 , shown in Fig. 3(g) .
We next apply the K-means clustering algorithm to S 2 . Here, we set K to 3, because usually the region growing will include some nonlymph-node background pixels and we would like to distinguish the core and rim part of the lymph node. The method appeared to correctly mark both the core and the surrounding tissue as the lymph node, shown in Fig.  3(h) . Let L represent the resulting set of pixels marked as lymph node. Finally, a sequence of morphological operations is used to smooth the boundary along the set L since lymph node tends to have smooth boundary. An opening and closing operation is applied to remove any irregularity along the boundary.
where È is a binary morphological dilation, SE is a fourconnected (diamond-shaped) binary structuring element. We then trace the boundary of L 2 and compute the compactness of the boundary 19 with respect to the similarity threshold t in the region growing step, defined as CðtÞ ¼ A=p 2 , where A is the area and P is the perimeter. The optimal similarity threshold T opt is chosen to maximize C(t) as follows,
CðtÞ
The final segmentation is obtained by using this optimal similarity threshold and is optimized to have a circular and smoothed boundary. The outline of the lymph nodes was then computed using the Matlab trace_boundary function. Figure 4 (c) illustrates an example of the final smoothed segmentation, in which an optimal threshold of 15% is used.
III. ALGORITHM EVALUATION
Patient image data were reviewed retrospectively from clinical trials conducted at the Stanford Cancer Center. The images were acquired on a LightSpeed CT scanner (GE Medical Systems, Milwaukee, Wis) with the slice thickness of 5.0mm. We obtained CT scans for 24 distinct lymph nodes from 14 patients at 3 or 4 different time points. The time interval between two adjacent scans averaged 12 weeks (range ¼ 9 weeks to 15 weeks). For any pair of scans, we considered the scan in the earlier time point as baseline scan and the scan at the next time point as the follow-up scan, which results in 70 total test cases.
In each test case, a radiologist manually outlined the lymph node in the most representative cross-section of the lymph node in the baseline and follow-up CT scans. The marked contour in the baseline scan was used for the initial position and the one in the follow-up scan is used as the "reference standard."
We evaluated the performance of our segmentation algorithm according to the response evaluation criteria in solid tumors (RECIST) criteria 20, 21 and several quantitative metrics. RECIST uses measurements of the sum of the longest lesion diameters (SLD), which we automatically calculated from the outline in both baseline and follow-up scans. There are two versions of RECIST; RECIST 1.0 (Ref. 20 ) considers lesions to be "measurable" if they exceed 10 mm in size, whereas in RECIST 1.1, 21 measurable lesions are considered to be 15 mm or greater. A code for disease response was given according to the change in the SLD from baseline scan to follow-up scans, i.e., in RECIST 1.0, "partial remission (PR)" for a decrement of at least 30% in SLD, "progressive disease (PD)" for an increment of at least 20%, "stable disease (SD)" for neither sufficient shrinkage qualify for PR nor sufficient increase to qualify for PD, and "complete response (CR)" for disappearance of all target lesions. We compared the RECIST 1.0-and 1.1-based assessments of lymph node response computed from our segmentation to that computed from the "reference standard." We also assessed quantitative measurements: contour distance-based measurements such as Hausdorff distance, 22 and area matching-based measurements, e.g., over-estimation and under-estimation of the area our segmentation compared to the "reference standard." 10, 14 Agreement between our segmentation and the manual "reference standard" was assessed by concordance correlation 23 and the Bland-Altman analysis 24 of the change in SLD. We compared the percentage changes in SLD from baseline to "reference standard" and automated segmentation. Statistical analysis was done using R.
IV. RESULTS AND DISCUSSION
In each of 70 test cases, we applied our algorithm to locate and segment the lymph nodes in the follow-up scan. Lymph node sizes ranged from 0.6 to 4 cm with a mean of 1.8 cm on baseline scan; 0.5-3.9 cm with a mean of 1.9 cm on followup scan. All 70 test cases were successfully detected using our method, meaning that the correct slice containing the target lymph node was located by the algorithm and the deformed lymph node after registration overlapped with the target lymph node in the follow-up scan by at least one pixel. Table I shows quantitative segmentation results for these 70 lymph nodes. Bland-Altman analysis (Fig. 5) shows consistent accuracy across varying change in SLD, with a mean difference of 1%, and 95% limits of agreement of 8%. Given that RECIST has a wide range for each category, the misassignment is unlikely to happen under the RECIST criteria. The concordance correlation between changes in SLD from baseline to "reference standard" and automated segmentation was 0.953 (95% confidence interval 0.926, 0.969). On the conservative assumption that RECIST concordance occurs by chance with a probability of 50%, then our observation of 0 disconcordances in 64 cases means that the 95% exact binomial upper bound for the true discordance rate is 5.6%. Figure 6 shows one representative result of our method. In this example, the Hausdorff distance was 2.79 mm. The overlap, overestimation, and underestimation ratios were 88.0, 1.0, and 11.0%, respectively.
Radiologist generally consider lymph nodes larger than 1cm to be pathologically enlarged and suspicious of invasive disease. 25 We thus compared the segmentation performance for both small and large lymph nodes in Table II . Small lymph nodes are defined as having longest diameter less than 1 cm, while large nodes have longest diameter greater than 1 cm.
All measurable lymph nodes resulted in the same RECIST diagnosis as the "reference standard" according to both RECIST 1.0 and RECIST 1.1 criteria. In our data, 64 out of 70 were measurable by RECIST 1.0 criteria, and 61 out of 70 were considered to be measurable lesions based upon RECIST 1.1 size criteria.
For a typical test case used in this study, the procedure including registration, recognition, and segmentation required approximately 90 s on average using a PC computer (Intel Core 2 Dual 2.20 GHz with 4 GB of RAM) with the majority of the computation time spent on the registration.
IV.A. Parameter evaluation
The values of all parameters used in this work were predefined by studying two lymph nodes that were not included in the 70 test cases. These parameters were then kept constant for all test cases. We assessed the sensitivity of the parameters in the following experiments.
In Sec. II A, two parameters, spatial (h s ) and range (h r ) bandwidth, were used in the mean shift algorithm. Here, we Figure 7 show how the average overlap ratio over 70 test cases varies with different h s 's and h r 's. From Fig. 7(a) we can see that the mean overlap ratio is relatively constant with h s , with only slightly worse performance at the extreme edges of scale. In Fig. 7(b) , the performance curves are quite flat with respect to h r , suggesting that the algorithm is not sensitive to this parameter within the given test range. We used h s ¼ 6 and h r ¼ 4 pixels in our experiments. In Sec. II A, two parameters were used to locate surrounding tissues in the baseline scan (i.e., an intensity weighting factor w, and a minimum distance d from the lymph node to surrounding tissues). Similarly, we investigated the overlap ratio with respect to w and d. We varied w from 1 to 3 with an interval of 0.5, and d from 5 to 15 with an interval of 2.5 pixels. Figure 8 shows how the average overlap ratio over 70 test cases varies with different w's and d's. From Fig. 8(a) we can see that the mean overlap ratio is relatively constant with w, with only slightly worse performance at the extreme edges of scale. In Fig. 8(b) , the performance curves are quite flat with respect to d, suggesting that the algorithm is not sensitive to this parameter within the given test range. We used w ¼ 2 and d ¼ 10 pixels in our experiments.
The above experiments obtained by changing values of the parameters concluded that our segmentation algorithm is insensitive to the parameters predetermined empirically.
IV.B. Limitations
This work has several limitations. First, our algorithm relies on the assumption that the tissue surrounding the enlarged lymph nodes does not vary substantially between consecutive pair of studies and thus can serve as localizing landmarks to detect the lymph nodes being tracked. This assumption may be violated if a patient has surgery in between the studies, if there is substantial change in size of lymph nodes that grossly distort the surrounding tissues, or other conditions where the surrounding structures change (e.g., inspiration deformation, intake of food). Based on our experience to date, however, such cases are likely infrequent. In those cases, when the assumption is not valid, the registration algorithm will fail to find the correct transformation and produce an incorrect segmentation; however, this can be readily detected and corrected by the radiologist. Similarly, if for some other reason, the deformable registration is poor, then we could fail to identify lymph nodes. But in our observation, the surrounding normal tissue changed little, whereas the lymph nodes tend to change. Thus, our strategy of locating normal tissues for deformable registration seems advantageous. Secondly, our algorithm was developed to segment lesion in 2D, though we expect it would be applicable to 3D if thin slices are acquired. We believe our method is applicable in thinner slices and therefore will be useful for estimating 3D volumes, though validation of this will require future studies. An additional limitation is that our algorithm currently cannot detect morphological changes of the lymph node, such as merging, splitting, and disappearing. Currently, we used hand circumscription of the abnormal lymph nodes seen on baseline images, but our method is applicable to any type of initial segmentation in the baseline scan, such as automated segmentation.
V. CONCLUSION
In this study we presented an automated method for tracking and segmenting lymph nodes on serial CT scans. Given that the spatial relationships among structures in images obtained over time in the same patient will generally be similar, comparable regions in each follow-up scan can be useful in enabling the tracking task by identifying and registering each follow-up imaging study to the immediately-prior imaging study. Our automated lymph node segmentation method achieved good overall segmentation performance, and it potentially will be useful to streamline and improve cancer lesion measurement and tracking, and improve assessment of cancer treatment response. 
